A notable difference between cohorts is the increase in mothers' education. For children in the 1935 birth cohort, only 6% of their mothers had a college degree (or beyond). But in the 1975 birth cohort 27% of the mothers had at least a college degree.
A.2. Health Data and Health Transition Process
The health data were taken from the IHIS (integrated health interview series) at Minnesota. The survey contains a subjective health index that takes on five values: Excellent, Very Good, Good, Fair, Poor. Empirically, we see that wages are not very different for those in the top three categories, but they are lower for those in fair or poor health. Thus, we decided to merge {Excellent, Very Good, Good} into a single category of "Good" health. This gives a health variable with three values: Good, Fair, and Poor. We then calculated the cumulative distribution of this new variable by cohort, gender, and age. (For more details, see http://www1.idc.ac.il/Faculty/Eckstein/EKL.html.)
We assume that each person starts out in good health at age 17. Health transitions are then governed by a multinomial logit function with Fair health as the omitted category: We estimated a separate health transition function for each cohort. The parameters of the health transition matrix for each cohort are listed in Table A-II. 
A.3. Social Welfare Payments
Historically, social welfare benefits in the United States were heavily targeted toward single women with children, who were often viewed as a "deserving" group.
1 These benefits include AFDC/TANF, public housing, and child care subsidies (for women who work). They also include Medicaid, Foodstamps, and other programs. As Keane and Moffitt (1998) discussed, the determination of welfare benefits for single mothers is extremely complicated. This is because of the large number of programs, the fact that participation is a choice (and many women do not take up benefits), and the fact that program benefit rules are both individually complex and interact in complex ways. Indeed, welfare benefits cannot be expressed as a simple function of income (or labor supply) and children.
2 Given this complexity, and the fact that welfare is not a key focus of our paper, we decided to specify the whole array of social benefits targeted at single mothers by a simple exogenous process. Thus, in equation (13), we assume single mothers are entitled to social welfare benefits according to the simple rule cb t (N t ) that only depends on number of children. We estimate this function from CPS data, and treat it as exogenously given (but varying by cohort) when estimating our structural model. 3 Specifically, we measure welfare benefits in the CPS using the variable "INCWELFR" (i.e., income from welfare) in IPUMS. This indicates how much pre-tax income (if any) the respondent received during the previous calendar year from various public assistance programs commonly referred to as "welfare." We adjust for inflation using the PCE (just as we did with wages). We then run a regression of the real annual welfare payment as a function of the number of children using the subsample of single mothers with children who take up benefits. We run the regression separately for each cohort. Based on the subsample of unemployed women, we obtained the results listed in Table A-III for annual  welfare payments for single mothers (2009 prices) .
The key pattern in the data is the fact that benefits for single mothers peaked in generosity in the late 1970s, and steadily declined thereafter (with the decline accelerating in the early 1990s). 4 This is reflected in the lower benefits available to the 1965 and especially the 1975 cohorts. The 1975 cohort would have reached working age under the Note that conditioning on unemployment only slightly reduces the average levels of benefits, and does not alter the overall patterns. There are a number of reasons it makes little difference. First, the employment rate of single mothers with children is quite low. Second, many of those who work still qualify for a variety of benefits, either because they have low wage rates, or because some benefits (like public housing) have very low taper rates on earnings, such that working women still receive them, and conversely, some benefits (like child care subsidies) only arise if one starts working. Third, even among the unemployed who are eligible for benefits, a significant fraction do not take them up.
APPENDIX B: TAXES
Given the gross income associated with any particular wage offer and labor supply choice, we calculate the household's tax liability based on the federal tax rules in effect in the relevant year. This depends on whether it is a single household (subject to the individual tax schedule) or a married couple (subject to the joint tax schedule), as well as the number of dependents. We also account for the earned income tax credit (EITC). To calculate the tax liability of a given household or individual in any particular year, we collected historical data from 1950 to 2017 from the following sources:
1. Federal income tax rate history (https://taxfoundation.org/federal-tax/individualincome-payroll-taxes) 2. Standard deduction history (http://www.taxpolicycenter.org/statistics/standarddeduction) 3. Personal and dependents exemption (https://www.irs.gov/publications/p17/ch03. html) 5 Many women who qualify for benefits do not take them up fully, either by choice or because some benefits (housing) are rationed. Keane and Moffitt (1998) found that many eligible non-working women who do not take up welfare benefits have access to significant non-welfare sources of non-labor income, such as SSI, alimony, child support, widow benefits, etc. Hence, we view cb t (N t ) for those who do take up benefits as a reasonable proxy for the full range of non-labor income to which a typical single women with children would be entitled.
4. Earned income tax credit parameters (http://www.taxpolicycenter.org/statistics/ eitc-parameters)
Using these parameters, we programmed a "tax calculator," where the inputs are gross income, marital status, number of children, and the year, while the output is net income. The program uses the actual tax brackets and marginal tax rate, the full structure of the EITC, and the number of deductions and exemptions (which varies by the marital status and the number of children). 6 The tax brackets and marginal rate that were used in the model, together with the full historical data on EITC, deductions, and exemptions, can be found on the website http://www1.idc.ac.il/Faculty/Eckstein/EKL.html.
To simplify the solution of the dynamic programming problem, we assume that agents in the model have perfect foresight about future tax rules. Furthermore, for years beyond 2017, households assume that tax rules will remain fixed at the 2017 values.
There are two possible alternative approaches to modeling expectations: First, we could assume agents are myopic, and every tax rule change is a surprise. This is computationally infeasible, because households would face a new dynamic programming problem each year. Second, we could assume a tax rule generating process, as in Keane and Wolpin (2010) . This is also infeasible here, as lagged tax rule parameters become state variables. Perfect foresight is the simplest approach.
Finally, note that we solve the model for five cohorts born in exactly 1935, 1945, etc. When simulating data for hypothetical agents in the model, we use the annual tax rules for persons born in exactly those years. But in the actual data, we classify people within a 5-year birth window as part of the same cohort. In estimation, we ignore the fact that each data cohort is a mixture of people from five adjacent birth years who face slightly different tax rate histories. Figure C1 plots employment rates by cohort and age. In addition to the five cohorts used in estimation, we also show the 1925 and 1985 birth cohorts. Results for married women, unmarried women, married men and unmarried men are shown in panels A, B, C and D, respectively. 7 One striking pattern revealed by Figure C1 is there are no substantial differences across cohorts in employment rates by age for unmarried women, or for either married or unmarried men. In contrast, the employment rate increased sharply over cohorts for married women.
APPENDIX C: ADDITIONAL FIGURES
For married women the difference in behavior between the 1955 cohort and earlier cohorts is particularly striking. Two changes are notable: First, the employment rate in the early 20s is several points higher. Second, and more importantly, employment does not decline in the mid-to-late 20s. Married women in the 1955 cohort remain in the labor force during their prime childbearing years to a much greater extent than did those in the 1945 cohort. There is also one notable similarity between the 1955 and 1945 cohorts: Despite the employment rate gap of 17 points at age 29, the employment rate of the 1945 cohort catches up later, so that from ages 40 to 50 it is only a few points lower than the 1955 cohort (i.e., about 70% vs 65-67%).
FIGURE C1.-Male and female employment rates by age and cohort. Note: The fraction employed of the Caucasian population aged 22-65. We define "employment" as working at least 10 hours a week. Married includes married with spouse absent. Unmarried is defined as Separated, Widowed, Divorced, and Never married. It is also notable that in the 1955 to 1985 cohorts the employment rates (by age) for married women are very similar. There is a slight increase at young ages from the 1955 to 1965 cohorts, but from 1965-1985 there is great stability. Thus, the historic increase in married womens' employment was essentially complete by the 1965 cohort. Figure C2 shows how education levels have changed by gender and marital status over time. Education is grouped into 5 levels: high school drop-out (HSD), high school graduate (HSG), some college (SC), college graduate (CG) and post-graduate (PG).
The key fact revealed by panel A of Figure C2 is that college and post-college education rose much more quickly for married than unmarried women. In 1964, only 7% of married women had a college degree or more, compared to 10% for unmarried women. By 2014, this pattern had reversed, and 36% of married women had a college degree or more, compared to 28% of unmarried women. The percentage of college graduates among married women passed that among unmarried women in 1993. Figure C2 panel B plots the education distribution for men over time. A striking fact is that in 1964 the education levels of married and unmarried men were almost identical. Roughly 47% of both married and unmarried men were high school drop-outs. And 13% of both married and unmarried men had a college degree or more. Over time, education has increased substantially for men. But, similar to women, education levels have increased much more for married men than unmarried men. By 2014, roughly 35% of FIGURE C2.-Education and marital status over time. Note: The fraction of individuals at each education level. Caucasian population aged 22-65. Married includes married with spouse absent. Unmarried is defined as including separated, widowed, divorced, and never married. married men had a college degree or more, compared to only 24% of unmarried men. Finally, note that, by late in the sample period, women were more educated than men. Table D -I reports the differences in average wages between married and unmarried women by cohort. In the 1935 cohort, the gap was −12%, but it is eliminated in the 1965 cohort, and becomes +8% in the 1975 cohort. To get a sense of the importance of education in explaining these changes, we also report the so-called "marriage wage gap." This is conventionally defined as the coefficient on a marriage dummy included in a standard Mincer earnings equation, as in ln(W it ) = β 0 + β 1 (age-school) it + β 2 (age-school)
Here i denotes person, t denotes year, and school it is total years of schooling, so (age-school) it is "potential" labor market experience. Education is captured by dummy variables for high school graduate (HSG), some college (SC), college graduate (CG), and post-college (PC). High school dropout (HSD) is the omitted group. The coefficient β 7 on the marriage indicator M it captures the conditional correlation of wages with marriage. We estimated such regressions using the data for each of the five cohorts for both men and women. Consider first the results for women. In the 1935 cohort, married women earned 9% less than unmarried women (conditional on "potential experience" and education). But in the 1975 cohort, the wages of married women are 5% higher than those of unmarried women. Thus, the marriage wage gap turned from highly negative to highly positive in just two generations (40 years). Recall that for raw wages, the shift was from −12% to +8%. Thus, changes in education and potential experience can only account for about 30% of the change.
The bottom panel of Table D -I reports similar results for men. In contrast to women, the marriage wage gap and mean wage differences changed little over the past 40 years. In particular, the marriage wage gap was 20% for the 1935 cohort and 18% for the 1975 cohort. These patterns are consistent with Figure 2 , which shows that aggregate real wages of married men, single men, and single women all grew at similar rates (1.0-1.3% annually), while wages of married women grew at a much faster rate (1.8% annually).
APPENDIX E: TECHNICAL NOTES ON THE SOLUTION OF THE MODEL E.1. The Marriage Market
As noted earlier, we assume all married couples are equal in age. We do this for the following reason: Say we back-solve the DP problem from age T . Further suppose a person at age T may receive marriage offers from either: (i) people who are also age T , or (ii) people who are younger. In the case of an offer from a potential partner who is also age T , we can easily calculate the expected value of the marriage state at age T for both parties. We can then compare this to the expected value of being single. Then, by comparing the married and single value functions, we can determine if the marriage will form. These calculations are straightforward because there is no future (T + 1) for either party, so it is a static problem.
On the other hand, suppose a person of age T receives a marriage offer from a younger person. To be concrete, say the latter is age T − 1. Then we run into a problem-that is, because we are still in the process of solving for the age T value functions, we do not yet have the information we need to calculate age T −1 value functions. As a result, we cannot determine the value of the match for the person of age T −1. Hence, we cannot determine if the match will form. Given this conundrum, it appears to be essentially impossible to solve a dynamic marriage market model (using the method of back-solving) if people can get offers from younger people. 8 We resolve this problem by assuming couples are equal in age.
An alternative approach would be to drop chronological age from the state space entirely. For instance, one could replace chronological age by biological age, and assume this is a state variable that evolves stochastically-that is, biological age could go up, down, or stay the same from t to t + 1, depending on what happens to a person's health. We might assume that when a person reaches chronological age T + 1, they die with certainty. Nevertheless, this would be an infinite horizon problem, because even a person of biological age T has a positive survival probability. The solution to such a model would be obtained by solving a fixed-point problem, not by back-solving.
In this type of model, a person of biological age t could potentially receive marriage offers from people of any biological age from t = 1
T . This no longer creates a problem, because the model would be solved using a fixed-point method, rather than by backsolving. So, if we replace chronological age by biological age in the state space, the fact that a person may receive marriage offers from a younger person creates no computational problem.
We decided to not adopt this approach for the following reason: If chronological age is not in the state space, it seems difficult to generate the observed similarity of ages within married couples. We could obviously introduce a preference for marrying someone of similar biological age. But the distribution of health, which is the main signal of biological age, is rather stable across different chronological ages in our data, at least until people reach their 60s and 70s. Thus, even a strong tendency to marry people of similar biological age tends to leave us with a counterfactually large dispersion of chronological ages within couples. Better data on markers for biological age could resolve this problem. For now, we decided that an assumption of equal chronological ages within couples would be simpler to implement, and would provide a reasonable approximation to the data, as most couples are fairly close in age.
E.2. The Number and Ages of Children
The state space becomes extremely large if we follow the ages of children. Therefore, we introduce, in equation (5), dynamics in the utility of home time following the birth of a new child. If children only entered the model through their effect on tastes for leisure, then neither N(t) nor the ages of children would be state variables (as μ jt in equation (5) is a sufficient statistic for all past fertility). However, N(t) also enters our model through the budget constraint (the cost of children), welfare rules, tax rules, and the cost of divorce. These quantities depend only on N(t), not on the ages of the children. So the addition of these features requires N(t) to enter the state space. Nevertheless, these features also require a forward-looking agent to foresee when a child will reach age 19, at which point they leave the household and no longer enter payoffs or constraints. Unfortunately, this requires the agent to keep track of the age of the child. And this would render the state space intractably large.
To deal with this, we adopt the position that (i) changes in tastes for leisure when young children arrive is a first-order problem for female labor supply that is captured by μ jt , while (ii) relative ages of older children have only a second-order effect on labor supply (e.g., labor supply behavior does not vary much as children age from, say, 8 to 18, a view that prior literature supports). Thus, we choose to ignore child ages in the state space, which is tantamount to assuming that, conditional on tastes for leisure μ jt , households with the same N(t) will behave in the same way, ceteris paribus, regardless of the children's ages. This means that, in solving the DP problem, we need only solve over a grid of μ jt and N(t) values at each age. Of course, when forward simulating the model, we do keep track of the child ages. Thus, for example, if an only child reaches 19, the household ceases to use the value functions defined for N = 1, and shifts to the value functions defined for N = 0. Thus, there is a structural break in household behavior when the children leave home.
APPENDIX F: DETAILS ON THE ESTIMATION METHOD
The estimation method is the Method of Simulated Moments (MSM), as proposed by McFadden (1989) and Pakes and Pollard (1989) . The method involves finding the parameter vector ϕ that minimizes the distance between the actual data and data simulated from our model. Let d r denote a statistic from the actual data, and let d s r (ϕ) be the corresponding statistic calculated in the simulated data, and assume we fit the model to r = 1 R statistics. We then construct moments of the form
The vector of simulated moments is given by
We minimize the objective function G(ϕ) = g (ϕ)W g(ϕ) with respect to ϕ, where the weighting matrix W is a diagonal matrix consisting of the inverse of the estimated variance of each moment (from a first step). We minimize G(ϕ) with respect to ϕ using the Simplex algorithm.
Given the solution of DP problem (see Section 4) at a candidate value for ϕ, we simulate data from the model as follows: First, we set the initial conditions at age 17. All agents start with zero work experience, 10 years of education, good health, and unmarried. We draw parent education, the skill type, and the taste for work type for each hypothetical person, using the distributions implied by the data and equations (5) and (23). We simulate hypothetical data for 1000 men and 1000 women for each cohort. The only difference between cohorts is the initial conditions, specifically, the distribution of parent education, the stochastic process for health, and the income tax and welfare benefit rules.
Given the initial conditions, we simulate hypothetical life-cycle histories from age 17 until the terminal period.
9 In order to simulate forward, we must draw, for each person i in each period t, the job offer, a wage shock, a taste for leisure shock, a health realization, a taste for marriage shock (if married), and the realization of a potential partner (if single).
10 For singles, we also draw a taste for school shock. And for single women and married couples, we draw tastes for pregnancy. Conditional on these draws, the model generates simulated choices and outcomes for all the observed endogenous variables: education, employment, marital status, children, wages, and health.
In order to form the d r and d s r (ϕ) that enter (F1), we construct, for each cohort, a set of statistics from both the simulated and actual data that summarize key predictions of the model. These include (a) the schooling distribution by gender, (b) employment rates by gender, marital status, and age, (c) average wages conditional on gender, education, marital status, and age, (d) marriage and divorce rates by age, (e) number of children by age/marital status, and (f) the pattern of assortative mating by education of the partners. We list the moments in detail in Appendix H.
We compute standard errors numerically. Calculation of standard errors is complicated by non-smoothness of the objective function, so we use "long baseline" numerical derivatives, which was one suggestion in McFadden (1989) .
11 Specifically, we compute the numerical derivative with respect to each of the parameters, ϕ p using the five-point stencil formula with a long baseline:
where f is a vector of the squared moments divided by their weights:
2 /W r , and ε p is equal to 0 01 · ϕ p (a rather large gap). Note that the use of baseline intervals of different length is a form of Richardson extrapolation, which is in turn a bootstrapping method. Given the numerical derivatives, we compute the covariance matrix using the outer product approximation to the Hessian.
APPENDIX G: TERMINAL VALUE FUNCTION SPECIFICATION
As we discuss in Section 3.6 of the text, we wished to avoid the complications of modeling Social Security and the accumulation of retirement savings. Given the already great complexity of our model, including the additional state and choice variables required to model Social Security benefits and retirement behavior would be infeasible. 13 Instead, we employ the technique of setting a "terminal value function" V j T +1 (Ω j T +1 ) at a pre-specified age T beyond which we do not attempt to structurally model behavior, as in Keane and Wolpin (2001) .
Because the "normal" Social Security retirement age is 65, and a large fraction of workers do retire by that age, we decided to fix the terminal period T in our model at age 65. After that point we assume that everyone must retire.
14 15 Of course, people can choose 
Specifically, the terminal value function is a linear function of the state variables (dated at the end of period T = 65) listed in Table G-I. It includes state variables of the spouse if one is married. Table G-I presents the estimates of the terminal value function parameters, which were obtained separately for men and women as part of the benchmark model.
An interesting feature of the terminal value function is that work experience and education (both own and spousal) are highly significant. In our model, these variables play no role other than to determine the distribution of offer wages. Thus, as agents cannot work past age 65, there is no direct reason for them to value these quantities. The only rationale for why agents in our model would care about work experience and education after age 65 is that they proxy for retirement assets. Thus, as we argue in Sections 3.1, 3.6 and 6.4, the terminal value function accounts for agents' concern about retirement savings in a reduced form way.
Stated another way, the fact that V 66 is increasing in work experience adds an extra return to labor supply that is not captured by the wage rate wage alone. Presumably, this value arises because labor supply also causes workers to accumulate both Social Security benefits and private pension benefits. If the terminal value function did not incorporate this added value of work, then labor supply in our model would drop off (too) precipitously before the T = 65 terminal period (as older workers would not need to be concerned about accumulating retirement savings).
Not surprisingly, the terminal value function estimates indicate that people also value marriage, quality of marriage, and children after age 65. The latter implies that children continue to generate utility for parents even after they leave the household at age 18. The moments we can use in estimation depend on the availability of data for each cohort. As we report in Table H , while columns 5-6 show those for the additional two cohorts used in the full model (1935, 1975) .
Note that if we had complete data on a particular variable from age 17 to 65, then we would have 49 year-specific moments for that variable. But it is clear from Table H-II that we never have more than 44 moments for any one variable, and in most instances we have 41 or fewer. The main reasons for this are as follows:
First, at early ages, many people are still in school, and are not yet heads of households. As a result, moments for employment, wages, and marriage at ages 17-21 fluctuate substantially due to small sample sizes. Thus, we decided to only fit these moments from age 21 onward in estimation.
Second, only the 1945 and 1955 cohorts are actually observed through age 65. Furthermore, as we noted in Sections 3.6 and 5 of the text, we decided not to use the data from ages 62-65 in estimation, because we did not wish to model decisions to take up "early" Social Security retirement benefits at age 62.
This means that, in general, we attempt to use CPS data from ages 21 through 61 in estimation, meaning we have at most 41 periods of data and hence 41 moments. 16 Furthermore, the 1935 cohort is only observed from age 25 onward, reducing this figure to 37, the 1965 cohort is only observed through age 51, reducing this figure to 31, and the 1975 cohort is only observed through age 41, reducing this figure to 21.
Regarding the school distribution, we use data from 17 to 30 (assuming school is fixed from then onward), so we have at most 14 moments. And regarding children, we use data from 21 to 40, assuming no children are born to women over 40, giving at most 20 moments.
In total, there are 1505 moments for the 1945 and 1955 cohorts, and 1181 moments for the cohort of 1965. These three cohorts and 4191 moments are used to estimate the "baseline" model. In the "full" model we also include the 1281 moments for the 1935 cohort and the 861 moments for the 1975 cohort. This gives 6333 moments for the full model.
APPENDIX I: PARAMETER ESTIMATES
In Table I -I, we report the parameters that are present in the baseline model. These parameters are assumed fixed across all five cohorts. tained when we re-estimate these parameters in the "full specification" that also includes cohort varying labor market, marriage market, and fertility control parameters (these are reported in Tables I-II and I-III) . Here, we highlight some of the more interesting estimation results:
The top panel of Table I -I reports the utility function estimates (equation (4)). The estimates of CRRA parameters for consumption and leisure are α = −0 477 and γ = 0 864. In a static single agent model with a linear budget constraint and continuous hours, the Marshallian labor supply elasticity is simply e M = −α/[(α − 1) + (γ − 1)(h/ l)]. If we approximate h = 0 5 so h/ l = 1, this gives e M = −0 30. As α < 0, utility is more concave than log(C), so the income effect dominates the substitution effect. Yet, given the full structure of our model, Marshallian elasticities are above 1.0 for married women and about 0.15 to 0.25 for other groups (see Table V in the text).
The second panel reports the AR(1) process for utility of leisure (equation (5)). As expected, it jumps up substantially for women with the arrival of a newborn (τ 2f = 1 39), but this effect is much smaller for men (τ 2m = 0 29). Interestingly, the AR(1) parameter is 0.969 for women but 0.676 for men. Thus, the arrival of a child has a much more persistent effect on tastes for leisure for women than for men. In the third panel of Table I -I, we see that, not surprisingly, marriage offer probabilities follow a quadratic in age (for both men and women). The estimates in the next panel, corresponding to equation (6), indicate that people are averse to marriages where the education or health of the partners is divergent.
Utility parameters (Eq. (4))
The fifth panel reports estimates of equation (7), the tastes for pregnancy. As expected, there is a strong negative effect of pregnancy in the prior year. There is also a negative effect of children already present, a negative effect of health, and a positive effect of marriage.
The sixth panel reports estimates of the child quality production function. The woman's time is roughly 50% more productive than the man's. The monetary input has a significant positive effect.
The seventh panel of Table I -I reports how labor market skill depends on mother's education (Eq. (23)). The indicator for the mother being a college graduate has a strong positive effect on the probability her son/daughter is the high skill type. Finally, in the last panel of Table I -I, we see that mother's education has a large positive effect on a daughter's taste for school (Eq. (17) ). This effect is three times greater than the effect for sons (1.429 vs. 0.554). The coefficient on labor market ability in (17) is positive for both women and men (0.659 and 0.583, respectively), indicating that labor market skill and taste for school are positively correlated.
Next, Table I -II reports the parameters of the offer wage function (22) and the job offer probability function (24). Recall that (24) determines the probabilities that unemployed workers receive part-and/or full-time offers. Workers who were employed in the previous period are assumed to be able to continue working, unless there is a forced separation. We discuss these estimates extensively in Section 6.1 of the main text, so we do not repeat that here.
The bottom panel of Table I -II reports the parameters of the logit model for exogenous job separation. (Note: This equation is mentioned but not written out in the main text.) The outcome is defined as 1 if a worker can keep their job and 0 if an exogenous separation occurs. The estimates imply that experience and education reduce the separation probability, while poor health increases it.
Finally, Table I -III reports the estimation of the marriage market matching process in equation (25), and the divorce cost parameters (equation (11)).
One notable result is that, for women, the intercept in the equation for probability of meeting a college graduate has risen across cohorts (from −0 644 in 1935 to 1.125 in 1975) , but the negative shift in the intercept if the woman is only a HS graduate increased from −1 413 in 1935 to −2 110 in 1975. Thus, while the average probability of a woman meeting a college man has increased substantially, the reduction in this probability if she herself is not a college graduate has also increased substantially. Thus, the returns to education in the marriage market matching process for women have increased.
The constant in the fixed cost of divorce equation drops sharply for women from −2 855 in the 1935 cohort to −1 800 in the 1955 cohort. After that, it stabilizes and drops only slightly more to −1 570 in the 1975 cohort. For men, in contrast, the constant fixed cost of divorce rose slightly from the 1935 to 1975 cohorts, from −1 296 to −1 688. The coefficient on children has remained stable across cohorts at about −0 36 for women and about −0 25 for men. So, in the 1935 to 1945 cohorts, the cost of divorce was much greater for women than for men, but in later cohorts, divorce costs have roughly equalized.
APPENDIX J: FIT OF THE MODEL
Here we present the fit of both the "benchmark" and "full" specifications to mean wages and employment rates by cohort, broken down by gender, marital status, and age.
In Table J -I, we use shading to highlight aspects of the data that the models fit poorly. These are not formal tests of fit, but merely a visual aid to help the reader see where the fit appears to be poor. We define fitting "poorly" as cases where the fitted values are more than 5 percent different from the data. Obviously, the benchmark model fits poorly for all cohorts except 1955. In particular, the estimated wages from the benchmark fit the data poorly for all other cohorts for all gender/marriage/age cells. The benchmark model fits the employment data for men rather well in all cohorts. But it provides a very poor fit to employment data for women. In particular, it greatly over-predicts wages/employment for married women in the 1935-1945 cohorts, and under-predicts these quantities for the 1965-1975 cohorts. However, Table J-I also indicates that the "full specification" provides a very good fit to essentially all moments involving wages and employment for all gender, marital status, and age cells. Table J -II presents the fit of both the "benchmark" and "full" specifications to marriage and divorce rates, assortative mating, fertility, and education. Observe that the shaded cells highlight that the benchmark model fits poorly for all cohorts except 1955 (and to a lesser extent, 1965). In particular, it greatly or moderately understates or overstates the demographic outcomes for the 1935, 1945, and 1975 cohorts (in the directions one would expect intuitively).
On the other hand, Table J -II indicates that the full model matches all key moments involving marriage/divorce rates, assortative mating, fertility, and education for all five cohorts quite accurately. This establishes the result that adding only the three exogenous factors we consider (i.e., marriage market factors, labor market factors and contraception) is sufficient in that the full specification provides a good fit to all endogenous variables in nearly all gender/marital-status/age cells.
J.1. Untargeted Moments-Transition Matrix for Employment and Marriage/Divorce
The CPS is a cross-section survey, so we did not fit our model to transition rates. However, as an out-of-sample validity test, we calculated employment and marriage transition rates for women from the NLSY panel. The NLSY contains individuals born from 1957 to 1965 (ages 14-22 at 1979). We restricted the NLSY sample to individuals born 1963-1965, to make it as similar as possible to the 1965 cohort in our model. We then constructed the annual transition rates between employment states, conditional on marital status and education (giving 20 untargeted moments). We also constructed the annual transition rates between marriage and divorce, conditional on education (giving 10 untargeted moments). The fraction employed out of total Caucasian population. We define "employment" as working at least 10 hours a week. For cohort 65, data are available until age 51. For cohort 75, data are available until age 41. Table J -III compares the transition rates in the NLSY with those predicted by our full model. As can be seen from Table J -III, the fit to the transition rates between employment states is remarkably good, considering these moments were untargeted. The transition rate from unemployment to employment is sharply increasing with education for single women (in both the data and the model). But interestingly, for married women, the transition rate from unemployed to employed is low regardless of education level. The model captures this rather subtle difference very well.
The transition rate from married to divorced is slightly lower in the NLSY than is predicted by our model. But the model does capture that the divorce rate falls with education. The transition rate from single to married is about 15% to 16% in the NLSY data for all education groups, while our model gets the figure a bit too high (i.e., 22% to 24%). But our model does capture that the marriage rate hardly varies with education.
APPENDIX K: DECOMPOSING SOURCES OF COHORT DIFFERENCES, ALTERNATIVE METHOD
Here we report effects of changing the factors one at time holding other factors fixed. It is notable that the differences between Tables I and III in the text and Tables K-I and K-II here are minor, and that in all cases, the individual factor contributions add up to roughly 100% of the total change predicted by the full model. Thus, "step-by-step" and "one-at-time" approaches to assessing the contribution of each factor give almost identical results.
An earlier working paper version of this article, Eckstein et al. (2016) , discussed in some detail the intermediate models obtained by adding factors (ii), (iii) and (iv) in that order.
APPENDIX L: ROBUSTNESS CHECKS: HOME PRODUCTION AND SAVINGS
In this appendix, we explore extensions of the model to include home production and a simple form of buffer stock savings.
L.1. Accounting for Home Production
Greenwood et al. (2016) argued that changes in the cost of household production may provide an alternative explanation-aside from changes in availability of contraception- for the high fertility and low employment of young married women in the 1935-1945 cohorts. We explored this issue in several ways. First, we worked with a version of our benchmark model that added factor (ii) marriage market conditions and (iii) labor market conditions, but that excluded factor (iv) contraception. We found that this model generated too little fertility and too much employment for young women in the 1935 and 1945 cohorts (see the working paper Eckstein et al. (2016) for more details).
17 Then we tried to add home production to this model in two ways:
First, following Greenwood et al. (2016) , we tried to increase the cost of children for the early cohorts. Specifically, we increased the parameter α f in (8), so women's time with children is more valuable. This closed the gap in employment but it did not increase the number of children. Second, we changed the parameters of equation (4), the home time equation, specifically τ 2j and τ 1j , so as to decrease employment, but this also did not increase the number of children. 18 We take these results to mean that home production cannot replace contraception as an explanation for the observed data patterns.
Next, we asked whether adding home production time to our full specification would improve its fit and/or change its decompositions of which factors drove which behavioral changes. To do this, we modified the time budget to h j t + l j t + pd j t = 1 where we interpret pd as an exogenously given quantity of time that is required for home production during each period (e.g., cleaning, laundry). A higher value of pd means a person has less leisure for any given level of work, thus discouraging work. We normalized pd = 0 for each individual in the 1975 cohort, and then estimated its value in earlier cohorts. As expected, we obtain pd > 0 for earlier cohorts (particularly 1935), but the values were too small to have any noticeable effect on the behavior of our model. Thus, we conclude that adding home production does not improve the fit of our model, or substantively alter its predictions. But we do not view this result as necessarily contradicting the argument in Greenwood et al. (2016) for the importance of home production technology in explaining changes in employment and fertility over time. This is because most of the improvements in home production technology that they emphasized had already occurred by 1950. Thus, they may well have had large effects on earlier cohorts.
L.2. Including Buffer Stock Savings
Second, it is possible that incorporating savings might lead to significant changes in the behavior of our model. Unfortunately, a practical point is that the addition of saving as an additional state variable, and consumption as an additional choice, would render solution of the model-which already resides on the computers' production possibility frontieressentially impossible. 20 Furthermore, given results in Keane and Wolpin (2001), we are doubtful that including savings would have a first-order impact on the major life-cycle decisions that we focus on, 17 The model without contraception exaggerates the ability of women in the early cohorts to control fertility. 18 Eckstein and Lifshitz (2011) found these parameters can account for 30% of the female employment change when fertility is taken as exogenous. But with endogenous fertility we find that this result no longer holds. 19 The 1925 and earlier cohorts would have been more influenced by the introduction of technologies like washing machines, refrigerators, disposable diapers, etc. 20 To give a sense of the magnitude of the problem, even in our current model, for a single person at age 30 the state space has 43,200 points, while for a married person it has roughly 700 million points. such as education, marriage, employment, and fertility. 21 Rather, we suspect (supported by some evidence we report below) that the main impact of including savings would be to alter individuals' responses to transitory shocks, which is not a focus of our work (which aims to explain more long-term decisions).
To check this conjecture, we decided to introduce a simple form of consumption smoothing into our model to test if it would affect our results. We assume that in each period, an individual (or household) has a choice whether to create a buffer stock of saving. To make the model computationally feasible, we assume the buffer stock can only take on one value B, so that the state space for saving has only two points, S ∈ {0 B}. A consumer (or household) in state S = 0 at the start of a period has two options: either stay at S = 0 or accumulate a buffer stock and move to S = B. A consumer (or household) in state S = B at the start of a period has two options: either stay at S = B or spend the buffer stock and move to S = 0. Although very simple, this setup does generate the key mechanism that a consumer (or household) can choose to accumulate a buffer stock in a "good" year and then save it to smooth consumption in a "bad" year. It has the virtue that it only doubles the state space, and only adds one discrete choice. 22 We experimented with several values of B, but we focus on results with B = $4500. This corresponds to roughly 5% of the annual income of a married couple, and about 10% of the annual income of a typical single person. We then added this feature to our "full" specification and iterated until convergence using the data for the 1965 cohort. We found no evidence of any improvement in model fit, or any significant changes in the estimated parameters.
Finally, we used the two versions of the model (with and without savings) to calculate Marshallian and "Frisch" elasticities. Specifically, we calculated Marshallian elasticities by simulating permanent 5% wage increases for both genders (for the whole life). We calculated "Frisch" elasticities by simulating a transitory wage increase of 5% that occurs at age 30, 40, or 50. The results are reported in Table L-I.   23 As expected, when we simulate responses to transitory wage changes, they are slightly larger in the model with savings than in our "full" specification, but they continue to be very small. For example, for married women, elasticities at ages 30, 40, and 50 increase from (0 06 0 08 0 08) to (0 10 0 11 0 13), respectively. We experimented with several other values of B and found the same basic results. Thus, at least at the margin, extending the model to allow for modest amounts of saving has very little impact on the results.
However, Marshallian elasticities with respect to permanent wage changes were essentially unchanged when we introduce savings (see Table L -I, right panel). Thus, as we expected a priori, extending the model to allow for modest amounts of saving leads to small 21 Keane and Wolpin (2001) introduced savings into the model of Keane and Wolpin (1997) , and found that it had a negligible impact on school and labor supply decisions. Its primary impact was to increase the amount that students consumed while in school. On the other hand, the paper by Borella et al. (2017) , which we discussed in Section 7, has a key focus on the effect of spousal Social Security benefits on retirement behavior. They sensibly modeled savings, as it is presumably a first-order issue for retirement. They found that elimination of spousal benefits would substantially increase labor supply of married women.
22 Notably, life-cycle models of saving in the literature typically generalize this framework simply by assuming that B lies on a grid of several discrete values, and, in practice, small numbers of grid points are often used for the sake of computational tractability. See, for example, Buchinsky, M. and A. Mezza (2018) , "Illegal Drugs, Education and Labor Market Outcomes," where assets have four discrete levels. 23 We are using the terminology "Frisch" elasticity rather loosely here to refer to responses to transitory wage changes in general. Technically, however, the Frisch elasticity is not defined in the model with no savings, as the very concept presupposes that one can smooth consumption across periods so as to stabilize the marginal utility of consumption. a Frisch elasticities for a 5% transitory wage increase at a specific age. We report three experiments where the wage shock occurs at age 30, 40, or 50. We calculated the Marshallian elasticities by simulating permanent 5% wage increases for people of both genders (for the whole life).
increases in responses to transitory wage changes, but has almost no effect on Marshallian elasticities with respect to permanent wage changes. This is encouraging given that we focus on using our model to (i) examine effects of permanent changes in the wage structure (Section 6.1) and (ii) predict responses to permanent changes in tax rules (Section 7).
A final interesting point is that, contrary to conventional wisdom, Marshallian elasticities with respect to permanent wage changes exceed the elasticities with respect to transitory wage changes. Keane (2016) showed how this may occur in a standard life-cycle labor supply model with human capital and borrowing constraints, as a permanent wage change has a larger effect on the shadow price of time.
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